The ballistocardiographic (BCG) artifact is linked to cardiac activity and occurs in electroencephalographic (EEG) recordings acquired inside the magnetic resonance (MR) environment. Its variability in terms of amplitude, waveform shape and spatial distribution over subject's scalp makes its attenuation a challenging task. In this study, we aimed to provide a detailed characterization of the BCG properties, including its temporal dependency on cardiac events and its spatio-temporal dynamics. To this end, we used high-density EEG data acquired during simultaneous functional MR imaging in six healthy volunteers. First, we investigated the relationship between cardiac activity and BCG occurrences in the EEG recordings. We observed large variability in the delay between ECG and subsequent BCG events (ECG-BCG delay) across subjects and non-negligible epoch-by-epoch variations at the single subject level. The inspection of spatial-temporal variations revealed a prominent non-stationarity of the BCG signal. We identified five main BCG waves, which were common across subjects. Principal component analysis revealed two spatially distinct patterns to explain most of the variance (85% in total). These components are possibly related to head rotation and pulse-driven scalp expansion, respectively. Our results may inspire the development of novel, more effective methods for the removal of the BCG, capable of isolating and attenuating artifact occurrences while preserving true neuronal activity.
Introduction
The simultaneous acquisition of electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) data enables the investigation of human brain function with high spatio-temporal resolution (Mantini et al. 2010) . Simultaneous EEG-fMRI is nowadays widely used, particularly for the non-invasive identification of epileptic foci ) and for the mapping of neuronal oscillations during sleep (McAvoy et al. 2017) , rest (Mantini et al. 2007b) or active task performance (Debener et al. 2005) . However, the use of simultaneous EEG-fMRI remains technically challenging, especially due to the presence of fMRI-related artifacts in the EEG data (Neuner et al. 2014) . These artifacts originate from the interactions between the subject, the EEG system and the magnetic MR environment. The two major artifacts that corrupt the EEG recordings are: the imaging artifact, which is caused by the time-varying magnetic field gradients applied during the fMRI acquisition (Debener Handling Editor: Christoph M. Michel.
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Whereas the imaging artifact can be easily removed due to its periodicity and stability across time (Allen et al. 2000) , the BCG artifact does not show such consistency. This poses important challenges for its attenuation from EEG data collected during fMRI scanning (Debener et al. 2007; Mullinger et al. 2013) . Several studies were conducted to clarify the physical mechanisms at the basis of the BCG (Yan et al. 2010; Mullinger et al. 2013) . They revealed that the BCG mainly arises from slight movements of the EEG electrodes and the wires in the static magnetic field, following each heartbeat, that produce an electromotive force that adds up to the EEG signals. In particular, voltage variations on the scalp are generated by the contribution of three main effects: (1) pulse-driven rotation of the head, i.e. the motion derived from quick arrival and shunting of the blood into the head arteries (Debener et al. 2008; Yan et al. 2010) ; (2) pulse-driven expansion of the scalp, i.e. the local motion associated with the pulsatile expansion of scalp vessels on adjacent electrodes (Bonmassar et al. 2002; Debener et al. 2008; Yan et al. 2010; Mullinger et al. 2013) ; and (3) the pulsatile flow of blood that, as an electrically conducting fluid in a magnetic environment, produces a separation of charges via Hall effect that induces the potential variations at the scalp surface (Müri et al. 1998) . A number of studies suggested that the key factor contributing to the BCG is the pulse-driven head rotation (Nakamura et al. 2006; Debener et al. 2008) , as compared to pulse-driven expansion of the scalp and the Hall effect related to blood flow in the head. Debener et al. (2009) used a spherical phantom to examine the topographies associated with nodding rotation and electrode expansion, respectively. They found the spatial pattern of the expansion to be spatially homogeneous, whereas the nodding rotation produced polarity changes over time between left and right hemispheres. In another study, Yan et al. (2010) implemented a numerical model to reproduce the topographic maps associated with the nodding rotation, which explained the changes in polarity reported in the phantom-based study of Debener et al. (2009) . Despite the spatial patterns of the BCG artifactual components were extensively investigated (Yan et al. 2010; Debener et al. 2009; Mullinger et al. 2013) , all the studies so far have used low-density EEG systems. In contrast with low-density EEG, high-density EEG is characterized by wider head coverage, which results in massive BCG artifact contributions over inferior-lateral channels (Iannotti et al. 2015) . Notably, a detailed characterization of BCG spatio-temporal dynamics has never been conducted for high-density EEG systems.
Several methods have been developed in the last years for BCG artifact removal, such as the adaptive average subtraction (AAS) (Allen et al. 1998) , optimal basis set (OBS) (Niazy et al. 2005) and independent component analysis (ICA) (Mantini et al. 2007a, b; Srivastava et al. 2007 ). Each of these methods relies on specific assumptions about BCG features, which need to be fulfilled for an effective artifact removal. Specifically, both AAS and OBS assume a fixed delay between the BCG and the associated cardiac events (Allen et al. 1998; Niazy et al. 2005) . Also, ICA assumes the spatial stationarity of the sources (Krishnaswamy et al. 2016) , such that the EEG recordings can be expressed by an instantaneous linear mixture of independent components. Experimental studies revealed that the BCG residuals left in the EEG data by any of the aforementioned methods is not negligible (LeVan et al. 2013 ). This suggests that the assumptions of BCG artifact removal methods may not be fully met (Debener et al. 2007; Iannotti et al. 2015) . Several studies tried to overcome the problem of BCG residuals by combining different artifact removal methods, as for instance ICA and OBS (Debener et al. 2007; Vanderperren et al. 2010; Abreu et al. 2016) . We argue, however, that the development of novel, more effective methods for BCG artifact removal may benefit from a detailed characterization of the artifact properties, which should be conducted not only using low-density but also high-density EEG recordings.
In this study, we investigated the BCG artifact using highdensity EEG signals collected during simultaneous fMRI. First of all, we examined whether the delay between BCG and cardiac events is fixed, or is alternatively variable and dependent on the cardiac frequency. We then examined the spatio-temporal variations of this artifact both at the subject level and at the group level, to test whether the BCG sources can be considered spatially stationary. In particular, we performed a quantification of the similarities of spatial maps, within and across subjects. Finally, we isolated the spatial patterns of the BCG components that are reliably present in high-density EEG data. The findings of this study provided novel insights into the BCG artifact properties. This was particularly important for identifying possible limitations of currently used BCG artifact removal methods and for inspiring the development of novel methods that overcome such limitations.
Materials and Methods

Data Acquisition
Six right-handed healthy subjects (age 26.7 ± 6.2 years, 4 males and 2 females) participated in the experiment. All participants reported normal or corrected-to-normal vision, and had no psychiatric or neurological history. Before undergoing the examination, they gave their written informed consent to the experimental procedures, which were approved by the local Institutional Ethics Committee of UZ Leuven.
Each subject underwent a 10-minutes resting-state session, during which EEG and fMRI data were concurrently recorded. fMRI imaging was performed for 10 min in a 3T Philips Achieva MR scanner (Philips Medical Systems, Best, the Netherlands) using a T2*-weighted SENSE sequence. The scanning parameters were TR = 2000 ms, TE = 30 ms, 36 slices, 80 × 80 matrix, voxel size 2.75 × 2.75 × 3.75 mm 3 flip angle = 90°. EEG data were acquired with a MR-compatible 256-channel HydroCel Geodesic Sensor Net (EGI, Eugene, Oregon, USA), that includes a large number of Ag/AgCl electrodes on lower temporal areas and cheeks. Electrodes impedance was kept below 50 kΩ across the full recording. An elastic bandage was also placed above the EEG net to maintain the contact of electrodes on the scalp. EEG signals were acquired at 1 kHz sampling frequency using the vertex (Cz) electrode as physical reference. Using the EEG amplifier, we also acquired the electrocardiogram (ECG) signal with two MR-compatible electrodes positioned on the chest, in correspondence to the apical part and to left side of the heart.
Data Preprocessing
EEG data were processed by using built-in MATLAB (MathWorks, Natick, US) functions and the EEGLAB toolbox (https ://sccn.ucsd.edu/eegla b/) (Delorme and Makeig 2004) . First of all, the imaging artifact in the EEG and ECG data was attenuated by using the fMRI artifact template removal (FASTR) method implemented in EEGLAB (Niazy et al. 2005 ). The EEG signals were then digitally filtered in the frequency band (1-70 Hz) and re-referenced using the average reference method (Liu et al. 2015) . The re-referenced EEG data were finally processed for characterizing the BCG artifact and identifying its relation with the subject's cardiac activity, as detected from the ECG signal. Head motion was quantified using fMRI data by using SPM12 (http://www.fil.ion.ucl.ac.uk/spm/softw are/spm12 /). Based on head motion parameters obtained with SPM12, the framewise displacement (FD) measure was obtained (Power et al. 2012) , for translation along and rotation around the x-, y-and z-axes, respectively.
Identification of ECG and BCG Peaks
The ECG signal was band-pass filtered using a Finite Impulse Response (FIR) filter with a low and high cut-off frequencies of 5 and 20 Hz, respectively. The ECG peaks were detected identifying local maxima spaced in time by at least 600 ms. Following this automated detection, we manually corrected for false positives (less than 0.5% of the total) and negatives (less than 0.5% of the total). The detection of BCG peaks was performed using the global field power (GFP) across EEG channels (Assecondi et al. 2009 ). Since the BCG peaks were expected to follow the ECG peaks by around 200 ms, the selection of the points with maximum cross-correlation was restricted to the time window from 100 to 300 ms after the ECG peaks.
Characterization of BCG Artifact
We examined the variability of the delay between ECG and BCG peaks, and their relation with heart rate variability (HRV). In particular, we evaluated the linear relationship between the duration of each cardiac period and the associated ECG-BCG delay, both at the single subject and group level. For each subject, correlations between ECG-BCG delay and HRV were calculated on 559 beats, which was the minimum number of cardiac events identified across subjects. We also used a linear mixed-effect model to test whether there was a relationship between ECG-BCG delay and HRV at the group-level. For this analysis, subjects were specified as a random factor to control for their associated within-subject correlation.
We then examined the spatial stationarity of the BCG artifact, by calculating average EEG signals at the individual level and using the ECG events as triggers, as done in previous studies (Debener et al. 2008; Mullinger et al. 2013) . By using the GFP across channels, we identified corresponding BCG waves in each subject. The scalp maps corresponding to the selected BCG waves were compared within and across subjects by using the Pearson correlation, to test for spatial stationarity of the BCG sources. In the case of stationarity, Fig. 1 Detection of ECG and BCG events. Representative traces displaying the timing relationship (ECG-BCG delay) between the R-peak from the ECG signal (ECG event) and the main peak of the BCG occurrence (BCG event) from the EEG recordings acquired inside the MR scanner. The interval between two consecutive cardiac occurrences is indicated with RR the correlations between different time instants for the same subject were expected to be larger than those between corresponding time instants for different subjects.
After identifying and isolating in each subject corresponding BCG waves, we also run PCA on concatenated data to examine the most prominent contributions to all BCG waves. Only principal components (PCs) with associated variance above 10% were retained for analysis. For each selected PC, we plotted the associated topographic map to examine the spatial distribution across EEG channels.
Results
Imaging artifact removal was successfully performed in each EEG dataset (for an example, see Supplementary Fig. 1 ). We identified ECG and BCG peaks, and extracted ECG-BCG delay and cardiac cycle duration accordingly (Fig. 1) . We could not obtain a reliable detection of the BCG events in one subject (S6), which was excluded from the current analysis. First, we analyzed HRV using the BCG peak information, and observed normal, physiological variability within and across subjects (Fig. 2a, b and Supplementary Table 1) , with average values ranging between 840 and 1085 ms. Also the ECG-BCG delay showed a normal physiological variability (Fig. 2c, d ). This figure was not only variable within each subject, but even more across subjects. Specifically, average values ranged between 139 ms and 197 ms. The correlation between HRV and ECG-BCG peaks delay varied across subjects, with values ranging between − 0.11 and 0.27 (Supplementary Table 1 ). The use of a linear mixed-effects model revealed a significant, but relatively weak relationship (t = 1.96, p = 0.009) between HRV and ECG-BCG peaks delay at the group level ( Fig. 3 and Supplementary Table 2 ). After studying the variability in the ECG-BCG delay and its relationship with HRV, we focused on the spatio-temporal characteristics of the BCG. We calculated averaged BCG signal using ECG peaks as events, also to allow comparisons with previous studies involving low-density EEG (Debener et al. 2008) , and identify the characteristic pattern of the BCG artifact in high-density EEG. An analysis of the GFP across channels confirmed the complex nature of the BCG artifact, revealing 5 major peaks that were present in all subjects at similar latencies ( Fig. 4 and Supplementary Fig. 2 ). The non-stationarity of the BCG sources was indicated by the fact that the scalp maps for different time instants in the same subject (in particular, see Supplementary Fig. 2 ) had lower correlation ( r = 0.202; range (0.053-0.510)) than those of corresponding time instants for different subjects ( r = 0.566; range (0.431-0.741)).
By averaging the topographic maps of all the subjects, we retrieved characteristic scalp activity profiles at each major peak (Fig. 5) . In particular, we found that the BCG artifact was initially localized in the left side of the head at the first peak instant, and it progressively spreads out towards the right side. The application of the PCA enabled the identification of two main components, with associated variance equal to 76.69 and 12.71%, respectively (Fig. 6) . The first component was stronger on the left side of the scalp, whereas the second component was more diffused and bilateral. These two components had a spatial pattern very similar to the ones at the first and second peak instants, respectively, suggesting that the major effects of the BCG artifact occurrences were largely independent and concentrated at earliest latencies.
Discussion
By using high-density EEG data, we have investigated the BCG artifact and provided new insights concerning its relationship with cardiac activity and its spatio-temporal properties. Our analysis showed that BCG artifact occurrences follow each cardiac event with a variable delay (Fig. 2 and Supplementary Table 1). At the group level, the ECG-BCG delay was found to be related to the cardiac frequency, although this relationship was relatively weak (Fig. 3 and Supplementary Table 2). Secondly, our analyses provided corroborating evidence for the non-stationarity of the BCG artifact (Fig. 5) . We analyzed the spatio-temporal pattern of the BCG artifact in high-density EEG data, and we quantified its variability within and across subjects. In particular, we found two main components in the BCG, with a specific spatial distribution and varying intensity across time (Fig. 6 ).
Variable Delay Between ECG and BCG Peaks
Our study provided evidence for a variable delay between ECG and BCG peaks (Fig. 2) , with differences being more Fig. 3 Relationship between RR intervals and ECG-BCG delay. The scatter plot shows the relationship between HRV (x-axis) and ECG-BCG delay variability (y-axis) across subjects Fig. 4 Selection of main BCG waves in individual datasets. a EEG data were epoched by using the ECG events as triggers to produce a butterfly plot; b GFP across channels was computed to identify five main peaks (marked in the figure) 1 3 pronounced across than within subjects. As such, the use of a fixed delay between ECG and BCG peaks in BCG removal algorithm such as AAS (Allen et al. 1998 ) and OBS (Niazy et al. 2005) , which is typically set to 210 ms, can be hardly justified. Notably, recent BCG artifact removal studies suggested that accounting for a variable delay may enable a more effective artifact attenuation (Oh et al. 2014; Iannotti et al. 2015) .
It should be considered that our investigation on the delays between ECG and BCG peaks was conducted using the ECG signal and one representative BCG signal, calculated as the GFP across channels (Assecondi et al. 2009 ). Indeed, some EEG channels do not show a clear BCG peak, which affects the reliability of peak detection. In contrast with Iannotti et al. (2015) , we did not consider a BCG signal reconstructed from lateral electrodes. In fact, the entity of the BCG artifact in the lateral electrodes, in terms of amplitude and waveform, vary depending on the orientation with respect to the magnetic field (Debener et al. 2008) , thus the features of the BCG artifact would change also depending on the different size and shape of the head of each subject. Since the GFP was calculated across all the EEG channels, we made full use of the highdensity information.
By using a linear mixed-effect model, we revealed a weak, positive relationship between HRV and ECG-BCG delay. This relationship was however not clearly observed in data from individual subjects (Figs. 2, 3 and Supplementary  Tables 1, 2) . A possible reason for the inter-subject variability in the correlation values observed across subjects is the limited duration of the recordings, which in turn impacts on the variability expressed by the HRV and ECG-BCG delay measures. We suggest that future research into the origin and significance of the ECG-BCG delay is warranted.
Spatio-Temporal Analysis of the BCG
In order to study the spatio-temporal characteristics of the BCG, we calculated averaged EEG signals using ECG peaks as events. One may argue that this is not fully in line with the observation that the BCG peaks have variable delay with respect to ECG peaks. Our choice was primarily due to the fact that the same approach was used as in previous BCG studies (Debener et al. 2008; Mullinger et al. 2013 ). In line with previous studies (Nakamura et al. 2006 ; Debener et al. Group-level spatial maps for each of the five main BCG peaks. Topographic maps were extracted for each subject in correspondence to five different major peaks identified from the GFP plot. They were then normalized to z-scores and averaged across subjects 2008), we found the BCG to have a very heterogeneous spatial distribution over time, suggesting that the artifact is non-stationary (Figs. 4, 5) . This means that the use of BCG artifact removal methods that assume the stationarity of the sources, such as ICA (Comon 1994) , may not lead to optimal results. The non-stationarity of the BCG artifact was tested by using the correlation of BCG scalp maps at different time instants. Notably, if the BCG artifact would show full spatial stationarity, the within-subject scalp maps for different time instants would look identical in terms of topography, and their correlation would be equal to 1. In our data, instead, spatial correlation values were variable across time, and largely below 1. These findings quantitatively support the idea that the BCG artifact is non-stationary.
Despite the complex spatio-temporal properties of the BCG, we were able to identify five main BCG waves, which were spatially consistent across subjects ( Supplementary  Fig. 2 ). To this end, we used the GFP plot (Fig. 4) , which was already employed in previous studies based on lowdensity EEG recordings (Debener et al. 2008 (Debener et al. , 2009 Mullinger et al. 2013) . Our analyses, which were conducted on high-density EEG data, confirmed that the propagation of the BCG signal over the scalp involves changes in polarity over time. This effect was found to be consistent across subjects. Early BCG peaks were mainly present over the left frontal part of the scalp (Debener et al. 2009 ), whereas later BCG peaks were mainly present over the right frontal regions (Debener et al. 2009; Mullinger et al. 2013) , before spreading again back on the right side of the scalp (Fig. 5 ) (Debener et al. 2009 ). The scalp regions mostly affected by the artifact appeared to be the inferior-lateral, as previously shown by Iannotti et al. (2015) , but also the occipital ones (see Fig. 5 ). A strong BCG in inferior-lateral regions is consistent with the presence of major blood vessels (Bonmassar et al. 2002; Masterton et al. 2007 ) and with the specific orientation of the electrodes with respect to the static magnetic field (Yan et al. 2010) . A possible reason for a relatively strong BCG in the occipital part of the EEG montage is the adherence of the recording EEG electrodes on the subject's head in the MR scanner.
Previous studies suggested that the BCG may result from two distinct originating mechanisms, head rotation and pulse-driven expansion, respectively (Debener et al. 2009; Yan et al. 2010; Mullinger et al. 2013 ). In line with this literature, we experimentally found two main BCG components that are consistent across subjects (Fig. 6) . We argue that the first component (77% variance), which was localized at the left frontal scalp sites (Debener et al. 2009 ), may be associated with head rotation (Mullinger et al. 2013) , whereas the spatial distribution of the second component (13% variance), characterized by a more widespread spatial pattern encompassing both sides of the scalp, may be compatible with pulse-driven scalp expansion. Future studies are warranted to verify the correctness of the suggested associations. To this end, a possible approach may be the use of a phantom on which the EEG net is applied, as previously done in Debener et al. (2009) . With such a phantom-based simulation, distinct spatial maps could be obtained for head nodding and scalp expansion, respectively. It should be considered that the application of an elastic bandage around subject's head might have helped to reduce the effect of scalp expansion on the EEG net. Our results concerning FD (Supplementary Table 3 ), as measured using fMRI data (Power et al. 2012) , do not provide conclusive evidence for the prevalence of head nodding. Indeed, we found that translational and rotational FD values had overall limited entity (Supplementary Table 3 ). Though, due to the low temporal sampling provided by fMRI data, it is difficult speculate on the actual movement of the subject's head. To this end, the integration of optical-motion tracking devices (LeVan et al. 2013 ) may provide the adequate temporal scale for detecting changes in position and, potentially, for corroborating our findings.
Conclusions
In this study, we performed a detailed analysis of highdensity EEG signals collected in subjects at rest during simultaneous fMRI, with the aim of deeper understanding of the BCG spatial-temporal features. We implemented an effective approach for quantifying the non-stationarity of the BCG artifact sources, which was previously based on qualitative observations. We also proposed a procedure for isolating the major BCG artifact contributions shared across subjects based on the topographic maps associated with the BCG dynamics. This allowed the identification of two patterns that primarily contribute to the BCG, which have specific spatial and temporal features and can be therefore associated with different physiological sources. We hope that the findings presented in our study will inspire the development of more effective methods for the removal of the BCG, capable of isolating and attenuating artifact occurrences while preserving true neuronal activity.
